Selecting the most suitable optimal point among Pareto optimal points could help experts make an appropriate decision in an uncertain and complex situation. In this paper, an evaluation and ranking approach is proposed based on a hesitant fuzzy set environment to assess the Pareto optimal points obtained through the proposed biobjective multi-echelon supply chain model by locating distribution centers. In this respect, the proposed model has been utilized for perishable products based on fuzzy customers' demand. To address this issue, the possibilistic chance-constrained programming approach has been utilized based on the trapezoidal fuzzy membership function. Moreover, the proposed hesitant fuzzy ranking approach is constructed based on group decision analysis and the last aggregation approach. Thereby, the last aggregation approach by aggregating the experts' opinions in the last step could prevent the data loss. However, a case study about the perishable dairy products is considered to indicate the applicability of the proposed bi-objective multi-echelon supply chain model by locating distribution centers. Finally, a comparative analysis is provided between the obtained results and the current practice to show the feasibility and e ciency of the proposed approach.
Introduction
Selecting the most suitable optimal solution among the obtained Pareto optimal points, in multi-objective mathematical models, might be di cult for expert decision-makers in a complex and uncertain situation. To address this issue, selecting an appropriate tool could play the main role in helping the experts. In this respect, the Multi-Attribute Decision-Making (MADM) approaches are known to be suitable in the literature for evaluating and ranking the selection problems under discrete space solution. The MADM methods are implemented to assess solutions to a wide range of social, economic, and management-and engineering-related problems [1] [2] [3] .
Accordingly, in the real-world applications, the decision-making problems can be considered as inde nite and uncertain values, which were accorded as a complicated decision-making analysis procedure. Therefore, the decision-making analysis procedure can be used under fuzzy environment, where input parameters and the information are imprecise and uncertain to deal with such decision-making problems in the experts' evaluations [4] . In this regard, Zadeh's fuzzy set theory [5] and its extensions, such as type-2 fuzzy sets [6, 7] , interval-valued fuzzy sets [8, 9] , intuitionistic fuzzy sets [10] , fuzzy multisets [6] , and hesitant fuzzy sets [11, 12] , have received much attention over the last decades.
Hence, the hesitant fuzzy set theory can help experts with the expression of some membership degrees in a set subject to margin of the errors. Based on hesitant fuzzy setting information, many authors have focused on decision-making problems to solve the selection problems. Zhang and Wei [13] developed VIKOR and TOPSIS methods under a hesitant fuzzy set environment to solve the decision-making problems. Xu and Zhang [14] extended the TOPSIS method based on hesitant fuzzy and interval-valued hesitant fuzzy sets with incomplete weight information. Wei and Zhang [15] presented a hesitant fuzzy multiple criteria decision-making method based on Shapley valued and VIKOR method. To handle the group decision-making problems, Chen and Xu [16] proposed a hesitant fuzzy ELECTRE II method. Joshi and Kumar [17] developed the TOPSIS method based on the proposed intervalvalued intuitionistic hesitant fuzzy Choquet integral operator to construct the group decision-making framework. Qin et al. [18] proposed an interval type-2 fuzzy TODIM technique to solve group decisionmaking problems. However, in this paper, a novel hesitant fuzzy ranking approach was developed based on the last aggregation approach and the risk preferences of decision-makers. The last aggregation approach facilitated by aggregating the experts' judgments in the last step could prevent data loss.
However, ranking the Pareto optimal points, which were obtained through a multi-objective model, could be considered as a decision-making problem. Moreover, the multi-objective models are so sensitive in the current complex real world in many elds such as vehicle routing problems, supply chain management, distribution center location problems, etc. In the recent decade, many authors have proposed a multi-objective mathematical programming model by focusing on the multi-echelon supply chain problems as an interesting eld. In this respect, Ghodratnama et al. [19] presented a fuzzy possibilistic bi-objective mathematical programming model with the aim of minimizing the total costs. Mohammadi et al. [20] developed a new multiobjective multi-mode transportation model in order to minimize current investment costs and maximum transportation time based on stochastic parameters. Rahimi et al. [21] elaborated a bi-objective inventory routing model for perishable products to minimize the total inventory and distribution costs and maximize the customer satisfaction level. Ebrahimi Zade et al. [22] presented a non-linear multi-objective programming model for single and multiple allocations to solve the hub maximal covering problem. Pasandideh et al. [23] as well as Pasandideh et al. [24] presented a multiproduct multi-period three-echelon supply chain model based on uncertain situations. Khalili-Damghani et al. [25] proposed a novel bi-objective location-routing mathematical programming model for the distribution of perishable products to reduce the total costs and balance the distribution centers workload. Sarrafha et al. [26] used an optimization model for multi-echelon supply chain network design with respect to procurement, production, and distribution elds. Alavidoost et al. [27] applied a bi-objective mixed integer nonlinear programming model for multi-commodity triechelon supply chain networks to determine the optimum service level.
Ghodratnama et al. [28] proposed a novel multiobjective hub location and allocation model based on a multi-echelon supply chain overview. In their study, the robust and fuzzy goal programming approaches were tailored to solve the presented model. Pasandideh et al. [29] prepared a bi-objective mixed integer programming model with the aim of maximizing the weighted network reliability and the total ow based on considering the second type of coverage and timedependent reliability. Maghsoudlou et al. [30] presented a bi-objective optimization model for a threeechelon multi-server supply chain problem regarding cross-docking problem in congested systems. Ghezavati and Beigi [31] proposed a bi-objective mathematical model for a multi-echelon reverse logistics problem regarding the locating and routing approaches. Ebrahimi [32] proposed a bi-objective mixed-integer non-linear programming model to maximize customer satisfaction and, also, e ciency of the network. Habibi-Kouchaksaraei et al. [33] presented a robust optimization model for designing a bi-objective multi-period blood supply chain network in disaster with the aim of minimizing costs and shortage of blood.
The survey of the literature on the multi-echelon supply chain problems showed that a few studies have focused on perishable products. Consequently, this study presents a novel possibilistic non-linear biobjective multi-echelon supply chain model by locating distribution centers for perishable products so as to minimize the total costs and minimize the amount of backorder for important customers. In addition, some unique features were tailored to develop the proposed model as time windows, the perished rates, and warehouse considerations and prioritize the customers and candidate customers for the located distribution centers. Moreover, the possibilistic chance-constrained programming approach was provided to cope with existing uncertainty in the proposed mathematical model.
The rest of this paper is organized as follows: in Section 2, the proposed mixed-integer programming model for the distribution center location problem is presented. Then, a novel evaluation method based on group decision analysis and fuzzy environment is proposed to rank the obtained Pareto optimal solution. In Section 3, the chance-constrained programming technique is considered to deal with involved uncertain parameters. In Section 4, a case study is provided to implement the proposed approach. In addition, the discussion about the presented approach is elaborated in Section 5. Finally, in Section 6, some concluding remarks and future directions are expressed.
The proposed model
The distribution of perishable products requires an appropriate system with respect to production planning, storing, and delivering [34] . In this study, a novel non-linear mixed integer programming model is developed to solve the distribution center location problem regarding the time windows of distribution center and customers for perishable products. Then, a novel ranking and evaluation method is presented under uncertainty to sort the obtained Pareto optimal solution. In this section, the distribution center location problem is described in detail, and the proposed model is presented based on some assumptions and notations. Then, the proposed ranking and evaluation method is provided. In this regard, the hierarchical structure of this study is depicted in Figure 1 for the convenient description of the proposed approach.
Problem description
As represented in Figure 2 , the structure of the distribution center location problem, considered in this study, is depicted. Hence, N customer and F factory were considered to establish the network under study. In addition, each of N customers was a potential candidate for determining the location of the distribution centers. The demands of each cus tomer (d t ip ) were settled at the beginning of each period and based on the customers' demands, and the located distribution centers ordered the products for the factories (# t jfp ). Regarding the occupied capacity ( p ) parameter, meanwhile, the inventory level (I t jp ) should be managed based on the limited capacity of the located distribution centers ( j ). In addition, the backorder level was determined based on the perished rate of transporting products from the factory to the located distribution centers ( t p ) and from the located distribution centers to the customers ( p ), which led to backorder levels from the factory (bf t fp ) and from the located distribution centers (bc t jp ). Therefore, the number of the products delivered to both located distribution centers ($ t fjp ) and the customers ( t jip ) was speci ed based on the afore-mentioned backorder level, respectively. Hence, a speci c time window was de ned for each located distribution center [' lt jp ; ' lt jp ] and customer [! lt ip ; ! lt ip ] to receive their required products at an appropriate delivery time from factories to the located distribution centers t jfp and from the located distribution centers to customers t jip . In this regard, delivery time from factories to the located distribution centers depends on the transportation time between them ( t fj ), and also the delivery time from the located distribution centers to the customers is dependent on the transportation time ( t ij ) and the service rate of each customer (S p i ). However, the distribution center location problem regarding the perishable consideration was manipulated with the aim of minimizing the total costs and the amount of backorder for important customers ( C i ) and candidate customers for the distribution center location ( H j ).
Assumptions
To extend the proposed distribution center location model, the following assumptions are provided:
1. The demand of each customer is uncertain; 2. The transportation routes are known; 3. A time window is considered for each customer and the located distribution center; 4. The relative signi cance of each customer is related to the amount and frequency of the purchases; 5. The distribution system has one located distribution center, which collects the demand of customers from some factories; 6. The inventory and backorder level are allowed, both of which should be zero at the end of the planning horizon; 7. The demand of each customer in each period is determined based on the historical data and the experts' judgments; 8. The located distribution centers' orders are provided at the beginning of the horizon planning regarding the imprecise demand; 9. The features of the distribution center location problem include network solution domain, minisum criteria, and the exogenous source of determining the number of the distribution centers to locate capacitated and multiple allocations; 10. The capacity of vehicles is supposed to be in nite.
Notations
The indices, parameters, and decision variables of the considered distribution center location problem are de ned in this section.
Indices i; j
Index of customers (i; j; l = 1; ; N) f
Index of factories (f = 1; 2; ; F ) p Index of perishable products (p = 1; 2; ; P ) t The perished rate of product p in period t at located distribution centers t p The perished rate of product p in period t during transportation from a factory to located distribution centers ' lt jp The lower bound of time window for located distribution center j of product p in period t ' ut jp The upper bound of time window for located distribution center j of product p in period t C jip The transportation cost of located distribution center j to customer i per product p CF t fjp The transportation cost of factory f to located distribution center j per product p in period t
CF j
The xed cost of establishing distribution center j CI t jp The holding cost of located distribution center j per product p in period t Decision variables x ij 1 if customer i is allocated to located distribution center j y fj 1 if factory f to allocated to the located distribution center j t jip
The delivery time of product p to customer i from located distribution center j in period t dtc t ji Departure time from located distribution center j to customer i in period t t fjp
The delivery time of product p from factory f to located distribution center j in period t dtf t fj Departure time from factory f to located distribution center j in period t # t jfp The number of ordered products p from located distribution center j to factory f in period t $ t fjp The number of delivered products p to the located distribution center j from factory f in period t t jip The number of delivered products p to customer i from located distribution center j in period t I t jp The inventory level of product p from located distribution center j in period t bc t jp The backorder level of product p from located distribution center j in period t bf t fp The backorder level of product p from factory f in period t
The proposed model
The novel non-linear mixed integer programming model for the distribution center location problem is proposed as follows:
A.1:
x ij x jj 8 i; j;
y fj x jj 8 f; j; 
bf t fp = bc t jp = I t jp = 0
x ij ; y fj 2 f0; 1g 8 i; j; f;
$ t fjp ; t jip ; # t jfp ; t jip ; dtc t fj ; t fjp ; dtf t fj ; I t jp ;
bc t jp ; bf t fp 0 8 i; j; f; p; t: (24) Aimed at minimizing the total cost, the rst objective function was established. The rst part of the objective function concerns the transportation cost of the factory to the located distribution centers; the second, third, and fourth parts of the objective function concern the transportation cost of the located distribution centers to the customers, the holding cost, and the xed cost of establishing a distribution center, respectively. The second objective function minimizes the deviation of delivered products for important customers and candidate customers regarding their demands for increasing their satisfaction. In addition, Constraint (3) guarantees that R distribution centers must be located. Constraints (4) and (5) determine that all nodes of customers and factories must be allocated to located distribution centers. Constraints (6) and (7) determine the delivery time of each product to customers and located distribution centers, respectively. Constraints (8) and (9) specify the time windows, in which customers and located distribution centers require to receive products. Constraint (10) expresses that the number of the ordered products must be lower than the customers' demands. Constraint (11) is the balanced equation for the located distribution centers. Constraint (12) determines the limited capacity of the located distribution centers. Constraints (13) and (14) represent the number of the products delivered to the located distribution centers and the customers, respectively. Constraint (15) is a balanced relationship between the factories and the located distribution centers. Constraint (16) ensures that, at the end of the horizon planning, the backorder from the located distribution centers, factories, and the inventory level of located distribution centers must be zero. Constraints (17) and (18) guarantee that delivery of extra products to the located distribution centers is not allowed. Constraints (19) and (20) ensure that delivery of extra products to each customer is not allowed. Constraints (21) and (22) guarantee that all the ordered products and customers' demands must be satis ed during the horizon planning. Finally, Constraints (23) and (24) determine the binary and integer variables, respectively.
Ranking and evaluating method
A committee of decision-makers (E k ; k = 1; 2; ; K) is established to evaluate the candidates Pareto set (P i ; i = 1; 2; ; m) under the con icted criteria (C j ; j = 1; 2; ; n). To address the issue, decisionmakers could assign their present opinions to rate the candidates' Pareto sets and the relative importance of criteria based on linguistic variables, which are represented in Tables 1 and 2, respectively.
As indicated in Tables 1 and 2 , the risk preference of each decision-maker is considered in the procedure of the evaluation approach to obtain a precise solution. However, a novel ranking and evaluation method is prepared in the following steps to determine the best Pareto optimal point based on the preferred judgments of experts: 
Step 3. Establish the normalized hesitant fuzzy group decision matrix for each candidate (= N i ) as follows:
. . . 
Step 4. Determine the nal criteria weights based on the hesitant fuzzy geometric operator [35] as follows:
where $ k j represents the opinions of the kth decisionmaker for the jth criterion.
Step 5. Construct the weighted normalized hesitant fuzzy group decision matrix for each candidate (= W N i ) based on criteria weights, which are determined by decision-makers' opinions.
where ! j (j = 1; 2; ; n) is the relative importance of each criterion and P n j=1 ! j = 1.
Step 6. Determine the hesitant fuzzy positive ideal decision matrix (} ) based on the following relations: Step 7. Specify the hesitant fuzzy negative ideal solution, including two parts as hesitant fuzzy left negative ideal decision matrix (` p ) and the hesitant fuzzy right negative ideal decision matrix ( R p ), based on the following relations: The hesitant fuzzy negative ideal solution is divided into hesitant fuzzy left and right negative ideal decision matrices to avoid risk at the decision level of decision-makers.
Meanwhile, the normalized hesitant fuzzy group decision matrix is constructed [37] .
Step 8. Compute the separation measure from positive ideal decision matrix ( k i ), left negative ideal decision matrix ( `k i ), and right negative ideal decision matrix ( rk i ) based on the following relations, respectively: 
where k i is the relative closeness of the ith candidate regarding the kth decision-maker.
Step 10. Rank the candidate Pareto optimal points by the descending sorting of the hesitant fuzzy relative closeness.
Solution approach
In this section, the proposed mixed integer non-linear programming model was converted to a linear model; then, the chance-constrained programming approach was provided to cope with the imprecise parameters. In addition, an e cient, simple augmented e-constraint (SAUGMECON) method was provided to convert the proposed method to a single objective function.
Linearization
As indicated in the proposed model (A.1), the rst objective function and Constraints (6), (7), (10), (12)- (14) , and (17)- (19) were non-linear. In this respect, let Z be an auxiliary variable, and X a binary variable, and Y a positive variable (Z = X Y ); then, the following constraints must be added to a non-linear model to obtain a linearized model: 
where M is a positive large number. Hence, the linearization of the A.1 model was achieved by introducing some auxiliary variables and adding some constraints.
Possibilistic chance-constraint programming approach
In real cases, the lack of experimental data, the imprecise nature of parameters, and the characteristics of the system led to an uncertain situation. To address the issue, various ways of overcoming uncertainty exist. In this respect, probability theory and fuzzy set theory, regarding their problems, are of interest to scholars. In this study, some imprecise parameters such as demand of each customer, the transportation time between the factories and the located distribution centers, and the transportation time between the located distribution centers and the customers were considered under fuzzy environment. In this respect, the actual demand of each product was speci ed daily and might alter during the planning horizon. In real cases, thus, specifying the precise value of customers' demand is impossible. In addition, determining the exact value of the transportation time between each facility is impossible and depends on some features such as weather condition, tra c volume, car crash, car breakdown, etc. Therefore, the aforementioned uncertain parameters should be determined based on experts' judgments and the historical data. To address the imprecise parameters, authors tted a popular membership function into similar models. In this regard, a membership function, based on experts' judgments and the historical data, was found to be suitable for the considered uncertain parameters of the proposed bi-objective multi-echelon supply chain model with locating distribution centers.
To solve the proposed possibilistic bi-objective distribution center location model, a Possibilistic Chance-Constraint Programming (PCCP) approach based on [38] [39] [40] was tailored. To form the PCCP model, in this regard, an expected value operator (based on studies of [41] [42] [43] ) was considered to model the objective function; in addition, the necessary measure to overcome the possibilistic chance constraints was provided. Hence, the second objective function and Constraints (6), (7), (10), (11), (19) , (20) , and (22) were used based on the necessary measure and linearization as follows:
Nec t jip = DX t ij +~ t ij + S p i D t In this respect, necessary measures for t > k and t < k to cope with possibilistic chance constraints are represented in Figures 3 and 4 , respectively. To address the necessity of the aforementioned constraints (Eqs. (43)-(52)), the trapezoidal possibility distribution was adopted in which Eqs. (53) and (54) in Figure 3 and Eqs. (55) and (56) in Figure 4 should be considered. In the aforementioned formulation, it is supposed that the possibilistic chance constraints should be satis ed with a con dence level greater than 0.5 (i.e., 1 , 2 , 3 , 4 ,~1,~2,~3 > 0:5). In this regard, experts should specify the minimum con dence level of possibilistic chance constraints. Usually, experts specify some initial values for each con dence level and, then, based on an interactive experiment, the con dence level that satis es the experts' criteria better than the others is considered as the nal value.
Multi-objective approach
The proposed bi-objectives model was converted to the single-objective model based on an e cient simple augmented e-constraint (SAUGMECON) method, which was presented by Zhang and Reimann [44] , as follows: and is a small number (usually between 10 3 and 10 6 ). It has been proven that the AUGMECON method only generates e cient solutions [45] . Hence, the SAUGMECON method was established by considering both features of traditional e-constraint and the AUGMECON methods. In this regard, the traditional e-constraint was considered to add some inequalities to the objectives in the constrained space. Then, the sum of weighted constraint objectives was combined with an objective function.
Case study
In this section, a real case study of a producer company of dairy products is provided to evaluate the e ciency and applicability of the proposed bi-objective distribution center location model. In doing so, the performance of the presented bi-objective distribution center location model is shown during a 7-day period. In the following, an outline of the case study and the obtained results is discussed.
Outline of the case study
Kalleh dairy company was established in 1991 and 1992 in Amol, Mazandaran, Iran. Kalleh dairy Co. followed the strategy of increasing customer satisfaction through the diversity of products and their high quality. This company has become one of the most successful and largest companies in the eld of dairy products in the Middle East. Based on the company's documents, there were various activities in the company's supply process that were clearly meant, as we realized, to determine the best location of the depot with respect to warehouse considerations. The cold chain distribution system was launched to enhance the supply chain, in which the perishable delivery system was optimized. Thus, the necessity of determining a suitable location of the depots regarding warehouse optimization gains greater signi cance. Kalleh dairy Co. developed their producers in Iran, and the locations of the three main factories are shown in Figure 5 . These factories produced di erent dairy products, and the demand of the located warehouses was satis ed based on the productions of the three factories. Moreover, the aforementioned strategy of the Kalleh dairy Co. in the eastern Mazandaran was applied in one warehouse. Therefore, the warehouse location based on the above statements encourages a single distribution center location.
Hence, there are 26 customers in the eastern part of Mazandaran whose demands should be satis ed. In this regard, the customers' demand should be served based on their importance level (amount of monthly purchase, size of the store, etc.). Accordingly, Figure 6 represents the location of considered customers. With respect to di erent perishable products, the customers' demand was applied in the warehouse, and the warehouse order was applied in the factories. Due to the dispersion of the customers and factories, it is interesting to determine an appropriate located distribution center. To address this issue, an important factor in minimizing the amount of backorder for important customers and candidate customers regarding the distribution center location was determined. Moreover, the relative importance of each customer was speci ed based on the amount of purchases and distance from the depot. However, a daily report was sent by the corresponding warehouse supervisor and sales manager to solve the distribution center location problem.
Results

Results of the proposed distribution center location model
In order to solve the distribution center location problem based on the main bi-objectives, i.e., minimizing the total cost and the amount of backorder for important customers/located distribution centers, the proposed model is to be assessed. Accordingly, 26 cus- tomers from various areas and sales lines were chosen to facilitate the procedure of solving the de ned case study. The main factor concerns the determination of the most suitable distribution center regarding both objectives. Due to the nature of dairy products, the ordering procedure of perishable dairy products was speci ed day by day and could not be determined precisely. Thus, the fuzzy information could help us solve the problem appropriately. The data were collected based on the existing situation of the Kalleh company in Sari branch and the performance of the factories during 7 working days (t = 7).
In this respect, relative importance of the 26 customers and the demand of products were considered in relation to the major products as yogurt, buttermilk, milk, cheese, and sauce. Hence, the relative signi cance of each customer was determined by experts/decisionmakers based on RFM model (regency, frequency, and monetary) during 7 days. The transportation routes were determined in order to deliver the products to the 26 selected customers. Subsequently, a certain time window was speci ed for each selected customer and candidate distribution center for the location. However, to determine the value of objective functions, the SAUGMECON method was considered to achieve a single mathematical model. In this regard, Table 3 represents the obtained Pareto optimal points. In addition, Figure 7 shows the con ict between the considered objective functions. The results show that the location of the important customers is far from the located distribution centers. Therefore, the reduction of the backorder of important customers led to an increase in the total cost in the rst objective function. It should be noted that the proposed model was solved by ILOG CPLEX 10.1 optimization software, and the results were obtained by a computer equipped with 3 GHz processor and 4 GB RAM.
Results of the proposed evaluation and ranking
method In addition, to choose the most suitable Pareto optimal point, the proposed novel ranking and evaluation method was considered. In this regard, two decisionmakers (E 1 , E 2 ) evaluated the obtained ten Pareto optimal points (p 1 ; p 2 ; ; p 10 ) based on the three criteria (C 1 ; C 2 ; C 3 ). The risk preferences of the rst and Experts Criteria
VH VH H second decision-makers were pessimistic and moderate, respectively. Meanwhile, the group decision-making matrix for rating the Pareto optimal points and the relative importance of each criterion are represented in Tables 4 and 5 , respectively. In addition, the considered criteria are de ned as follows:
-Customers satisfaction (C 1 ); -Financial performance (C 2 ); -Backorder quantity (C 3 ).
The hesitant fuzzy group decision matrix was normalized based on Eq. (26) . Then, the weighted, normalized hesitant fuzzy group decision matrix for each candidate regarding the criteria weights was determined by using Eq. (28) . Based on Eqs. (30)- (32) , the hesitant fuzzy positive ideal decision matrix 0.66101 p 9 p 10 0.62852 p 10 and the hesitant fuzzy right/left negative ideal decision matrices were provided, respectively. Then, the separation measures were computed by utilizing Eqs. (33)- (35) . The results are given in Table 6 . Finally, the candidates were ranked in descending order of hesitant fuzzy relative closeness for each alternative with respect to Eq. (37), as presented in Table 7 .
Discussion
In this section, the obtained results of the proposed model are compared to actual practice to clarify the merits and advantages of the proposed approach. In this case, the obtained Pareto optimal points of the objective functions have been approved by experts. In this respect, considering the worst Pareto optimal point of the rst and second objective functions shows that the proposed approach can improve the total costs by 17.3% and, also, the customer satisfaction by minimizing the deviation of delivered products for important customers and candidate customers by 11.7%. Four comparison indicators including the quantity of the perished products, the backorder level of the located distribution center, the backorder level of the factories, and the inventory level of the located distribution center are considered, which will be discussed in the following sections.
The quantity of the perished products
In this section, based on the quantity of the perished products during transportation of the perishable products from the factory to the located distribution centers and the quantity of the perished products at the depots, the determined quantity of the perished products in the planning horizon were considered so as to compare the results obtained by the proposed approach with the current practice. The results show that the proposed bi-objective multi-echelon supply chain model for perishable products reduces the perished products by 4.2%. Figure 8 shows the comparison results between the quantity of the perished products in the planning horizon of the proposed and the actual models.
The backorder level of the located distribution center
When the orders of the customers from the located distribution center are not ful lled in the current period, it should be satis ed at the end of the planning horizon. Of note, the backorder level of the located distribution centers is related to the quantity of the perished products at the located distribution center and during the transportation of products from the factories to the located distribution center. Therefore, the backorder level management is an important factor for companies to increase the customers' satisfaction and decrease their costs. Hence, Figure 9 represents the backorder level results of the proposed model versus the actual practice in seven days. In addition, the obtained results of the comparison of backorder levels indicate that the proposed model could improve the backorder level management by 10.9%.
The backorder level of the factories
The backorder level of the factories as well as that of the located distribution centers, when orders of the located distribution centers from the factories are not shipped in the current period, should be satis ed at the end of the planning horizon. Hence, the results show that the proposed distribution center location model can improve the backorder level of the factories by 12.16% versus the current practice. In this respect, Figure 10 shows the comparison results of the proposed model versus the actual practice at the backorder level of the factories' indicators in seven days. 
The inventory level of the located distribution center
The inventory level of the located distribution center is highly associated with the increasing holding cost. Therefore, this indicator as a main factor should be managed to minimize the holding cost and the backorder level. However, the comparison between the obtained results of the proposed model and actual practice showed that the proposed distribution center location model could improve the inventory level of the located distribution center by 9.4%. Figure 11 shows the comparison between the proposed model and the actual practice for the inventory level of the located distribution center in seven days.
Conclusions and future directions
In this paper, a novel bi-objective distribution center location model was proposed for perishable products to optimize the location of the distribution center and the distribution system of the considered dairy producer company. Then, a new evaluation approach was presented based on the group decision analysis and the last aggregation approach under hesitant fuzzy set environment to evaluate and rank the obtained Pareto optimal points from the proposed multi-objective model. In this respect, the last aggregation could prevent the data loss, and considering the hesitant fuzzy information could decrease the margin of errors. Moreover, the possibilistic chance-constrained programming approach was applied to address the existing uncertainty in the presented bi-objective mathematical model. A real case study was provided to show the feasibility and e ciency of the proposed approach. Hence, 3 factories and 26 customers in eastern Mazandaran were considered, and the transportation routes were supposed known. Accordingly, based on the proposed model, 10 Pareto optimal points were obtained regarding the SAUGMECON approach. Then, the proposed hesitant fuzzy evaluation approach was implemented to rank the achieved Pareto optimal points. Finally, the obtained results of the proposed model versus the current practice were discussed based on both objective functions and four indicators as the quantity of the perished products, the backorder level of the located distribution center, the backorder level of the factories, and the inventory level of the located distribution center. Thereby, the comparative analysis showed that the proposed model could enhance the current system of the company in all considered indicators that improved the perished products by 4.2%, the backorder level management by 10.9%, the backorder level of the factories by 12.16%, and the inventory level of the located distribution center by 9.4%. Furthermore, considering the worst Pareto optimal point of the rst and second objective functions indicated that the proposed approach could reduce the total costs by 17.3% and, also, improve the customer satisfaction by minimizing the deviation of delivered products for important customers and candidate customers by 11.7%. For future directions, obtaining the optimal transportation routes from the located distribution center to the customers could enhance the proposed model. In addition, the application of a heuristic/metaheuristic solution approach could solve the problem on large scales. 45 . Mavrotas, G. \E ective implementation of the "constraint method in multi-objective mathematical programming problems", Applied Mathematics and Seyed Hassan Ghodsypour is a Professor at Amirkabir University of Technology, Tehran, Iran. His current research interests include multi-criteria decisionmaking, project management, portfolio management, and science and technology study. He has published numerous papers and book chapters in the aforementioned elds.
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